I. Introduction
Flapping-wing flyers have a remarkable performance at very low Reynolds numbers: they are highly maneuverable, potentially power efficient and versatile, typically being able to fly in a wide range of different conditions, extending from hover to fast forward flight. Hence bioinspired flapping-wing micro aerial vehicles (FWMAVs) are being researched extensively, and are expected to allow for novel applications that are not achievable with conventional fixed-wing or rotarywing aircraft. However, flapping-wing mechanisms are highly complex, due to (i) the unsteady aerodynamics, involving phenomena such as wake-capture and leading edge vortices, and (ii) the time-varying dynamics.
While significant insight is now available on both fronts, thanks to studies on insects and birds [1, 2, 3, 4] , and, more recently, increasingly on robotic test platforms [5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15] , the high complexity of flapping flight still poses a considerable challenge to FWMAV development. Additionally, it is still considerably difficult to obtain realistic experimental data, particularly in free flight and in different flight regimes. Studies have found discrepancies between free-flight and wind tunnel data [16, 17, 18] , suggesting that wind tunnel measurements approximate free-flight data only for specific clamping positions and in some flight conditions, so that realistic insight for free flight ideally should be obtained in free-flight conditions.
For these reasons, analysis and modelling of flapping flight remain challenging, especially obtaining simple, computationally efficient models that can yield basic insight and be used for design and control in real-life applications. Hence, when flight data is obtainable, an attractive modelling option, in alternative to often complex and computationally expensive theoretical or numerical models, is system identification. Previous system identification efforts [19, 20, 21, 22, 23, 24, 25] showed that a data-driven approach can yield realistic but simple models, as well as new insight, i.e. approximately 70Hz. As a comparison, previous work on a similar test platform showed that 200Hz-sampled optical tracking data only resulted in reliable information up to 32Hz in the accelerations obtained from double differentiation [16] . The high resolution attained is relevant not only for the forces and moments, but also for the states themselves, and especially the body velocities, which cannot be estimated as effectively by either IMU or optical tracking alone. In this respect, the measurements can be considered highly valuable for analysis and system identification of FWMAVs. The suggested method is applicable to other similarly equipped FWMAV, and hence is also a valuable contribution to the FWMAV modelling community.
This paper is organized as follows. Section II introduces the test vehicle used in this study, the flight testing setup and data acquisition hardware, and explains the synchronization of different datasets. Section III discusses the data fusion process, focusing on filter design. Section IV presents the main results and briefly mentions potential uses of the collected data for time-resolved modelling and analysis. Section V contains the main conclusions. The overall approach proposed, from raw data to fused and processed data, is illustrated in fig. 1 . The logic in this diagram is followed throughout the rest of this paper. 
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II. Experimental setup A. Test vehicle
The platform used in this study is a four-winged ornithopter (cf. fig. 2 ) with a 280mm wingspan, typical flapping frequencies in the range of 10-15Hz and a flight envelope ranging from near hover to fast forward flight. The mylar foil wings have an 'X'-configuration, allowing for increased lift production thanks to the clap-and-fling effect, while the T-shaped styrofoam tail leads to static stability and separates the bulk of the maneuvering from the wing flapping, operating according to the same principles as a standard aircraft tail, with movable rudder and elevator surfaces. The same type of vehicle has been the subject of extensive previous research and detailed geometric properties and descriptions of the design can be found, e.g., in Refs. [32, 31] . The mass and inertia properties of the specific FWMAV used in these flight tests are presented in Table 1 . The inertia values were estimated from the mass and positioning of the separate components of the vehicle. Figure 2b shows the orientation of the body-fixed coordinate system used in this study, defined to be centred at the center of gravity (CG) of the platform. In contrast to convention, the z-axis is aligned with the fuselage -this was done to avoid attitude singularities, given the typically large pitch angle assumed in flight by this FWMAV. 
B. In-flight data acquisition
The test platform was flown in a 10m×10m×7m motion tracking facility (TU Delft Cyberzoo), equipped with 24 OptiTrack Flex13 cameras, and relevant measurements were acquired during flight using two different methods. Firstly, the aforementioned optical tracking system (hereafter: "OptiTrack") was used to measure the positions of 7 active LED markers attached to the FWMAV at the locations illustrated in fig. 2a . The four markers attached to the fuselage and tail allowed for reconstruction of the position and orientation (quaternions) of the rigid body, while the remaining markers, on the wing leading edge, rudder and elevator allowed for reconstruction of the control surface deflections, and of the wing leading edge movement, hence the wing flap angle (ζ). The obtained measurements were transformed from the OptiTrack (i.e. inertial) coordinate system to the body-fixed coordinate frame shown in fig. 2b , and quaternions were transformed to Euler angles for easier interpretation. Note that the CG location does not coincide with the center of the OptiTrack-defined body-coordinate system, which is based on geometry. This difference was considered when processing the data (cf. also fig. 1 ). The LED markers have a mass of 0.035g each, and high-speed imagery suggests that such a small mass has a negligible effect on the wing kinematics. Secondly, on-board measurements were acquired by means of an inertial measurement unit (IMU). For the flight tests presented, the FWMAV was equipped with a 2.8g Lisa/S autopilot [33] , which includes a 6-axis MEMS IMU and a microcontroller unit (ARM Cortex-M3), allowing for open-source drone autopilot framework Paparazzi-UAV [34] to be run. The IMU was used to measure the linear accelerations and angular velocities of the vehicle, at a chosen sampling frequency of 512Hz. While sampling up to 1024Hz is possible, internal low-pass filtering at 256Hz implies that such sampling frequencies would not yield accurate additional information, and it was also found that at higher rates, significant numbers of frames were being lost, presumably as a result of CPU overloading. Moreover, previous work with similar ornithopters showed that very high-frequency content becomes increasingly difficult to distinguish from noise [16] .
The IMU was attached to the body. Following the initial finding that the attachment mode influenced the measurements made, a block of foam was added between IMU and fuselage, to introduce damping and reduce unwanted vibrations. Small residual effects that remain despite the foam are being studied further, however these effects were found to be small after the aforementioned modification. To account for the fact that the IMU was not completely aligned with the body frame, a static calibration procedure was conducted prior to each flight. By comparing the accelerometer and optical tracking output at a number of different body orientations, the rotation between IMU and body frames was determined, and subsequently used to transform the in-flight IMU data to the body frame.
The IMU measurements, as well as servo commands and motor speed, were logged using a microSD card added to the autopilot. Table 2 provides an overview of the measurements obtained, and Table 3 presents the main specifications of the IMU. Further details on the hardware and flight test setup can be found in [35] . 
C. Synchronization
In order to be used together, the datasets given by IMU and OptiTrack, respectively, first had to be synchronized. This was done using one of the LED markers on the FWMAV body. This marker is switched on when the on-board logging starts, and off when it ends, thus allowing for synchronization of the measurement devices. However, the different sampling rates of the two data acquisition systems (120Hz for OptiTrack, 512Hz for IMU), still entail a seemingly random time shift of up to 1/120s=8.3ms (10% of a flap cycle). To counter this effect, the time shift is estimated by shifting the IMU roll angle estimate by up to half a flap cycle (app. 41ms) in both directions until a minimum sum of squared errors is found between IMU and adequately resampled (using spline interpolation) OptiTrack signals. The data are then shifted accordingly prior to subsequent computations and filtering. The roll angle was used for synchronization because the best match between OptiTrack and IMU amplitude was observed in this angle, suggesting the roll axis is the most reliable, possibly due to the foam between IMU and body being stiffer in this direction.
Additionally, in the current data there is limited excitation of the roll dynamics, and hence there are also less external factors influencing the time history of this variable. An alternative approach could be direct application of a multi-rate filter, accounting for the different sampling rates. This will be considered in future work.
III. Data fusion A. Motivation
The flight test setup described allowed us to combine on-board IMU measurements and external optical tracking measurements, thus obtaining a highly accurate and informative dataset, suitable specifically for analyzing and modelling flapping-wing vehicles. In particular, this not only leads to the usual favorable results of sensor fusion, e.g. higher accuracy and reliability, but also allows for accurate high-frequency measurements, indispensable for in-depth analysis of flapping-wing flight and the short time-scale mechanisms involved. Additionally, unknown IMU biases can be estimated, further increasing the overall accuracy.
Optical tracking yields precise (typical mean tracking error approximately 1-2mm) and reliable measurements, whose accuracy does not deteriorate over time. The main drawbacks include: (i) relatively low sampling frequencies for the considered purpose, e.g. here 120Hz; (ii) presence of glitches and occasionally untracked or misattributed markers, e.g. due to light disturbance; and (iii) exclusive measurement of position and attitude, meaning rates must be computed via numerical differentiation, which amplifies the noise by a factor of 1 (∆t) n , with n the order of differentiation and ∆t the time step [16] . The low acquisition frequency, in particular, means that even for the relatively low flapping frequency of the studied ornithopter (10-15Hz), only approximately 8-12 measurements are made during each flap cycle. As can be seen in fig. 4 , this leads to a relatively low resolution, hence accurate analysis at a sub flap-cycle time scale is possible only with great limitations.
By contrast, IMU measurements are typically gathered at very high sampling frequencies, here 512Hz. This represents a significant advantage for looking at the sub flap-cycle level. Additionally, IMU devices provide relatively accurate measurements over short time scales -all of which can be exploited to generally enhance the reliability of the resulting dataset. The major drawback is drift integration, as well as increased noise and the possibility of biases, which must be computed during calibration procedures and/or estimated in flight. Additionally, in the current experimental setup the way the IMU is attached to the body also represents a potential source of error. While it is possible to investigate the effects of the foam attachment, the extremely low mass of the platform, as well as its shape, implies that however the IMU is attached, there will be an effect that may influence the results. In this sense, an additional advantage of a fusion approach is that the impact of such effects can be minimized through comparison with optical tracking data.
While each of the used measurement devices has limitations, combining their output allows for improved reliability, thanks to redundant information, the availability of more direct measure-ments, fewer issues with noise propagation, glitches and missing data, and more accurate and informative high-frequency data. In the rest of this section the data fusion approach is outlined and the resulting data are briefly discussed.
B. Filter design
An extended Kalman filter (EKF) was designed to fuse the IMU and optical tracking-provided data. The EKF is an extension of the linear Kalman filter that is applicable to nonlinear systems, with the drawback that a global optimal solution cannot be guaranteed, and divergence may occur, e.g. due to inadequate initialization. Improvements can be attained e.g. by using iterated Kalman filters, however, for the present application, an EKF was found to provide accurate results. The EKF is documented comprehensively in the literature (e.g. [36] ), thus only the main equations are given here, for a nonlinear state-space system of the form:
where x denotes the states, u the input, z the measured output, w the process noise and v the measurement noise. The process and measurement noise are assumed to be white and Gaussian, and are characterized by covariance matrices Q and R, respectively. The filter is then given by the following equations.
Innovation:
where Φ and Γ are the discretized state transition and input matrices for the linearized system at step k, P is the estimated measurement error covariance matrix, K is the Kalman gain, and H is the Jacobian of the measurement equation.
The filter designed in this study estimates the body attitude and velocities, as well as accelerometer and gyro biases, using IMU data as input variables and OptiTrack data as output measurements. Given that on the test platform, as on most current FWMAVs, no on-board velocity measurement was available, the velocities fed to the EKF as measurements (u * b , v * b , w * b ) were in fact calculated from the OptiTrack-measured positions, via numerical differentiation and necessary coordinate transforms, using the attitude computed from the OptiTrack-measured quaternions. Assuming the OptiTrack reference frame also has an upwards-pointing z-axis, the body-frame velocities are given by: 
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The required numerical derivatives were computed using a three point central difference method. The Euler angles were calculated from the quaternions which the OptiTrack software computes from the marker positions. Nonetheless, the attitude data were considered measurements, as they are a direct output of the OptiTrack. Moreover, the conversion from quaternions to Euler angles can be considered a matter of notation. The states, inputs, outputs and noise terms of the filter, according to eqs. 3-4, are thus,
T and the process and measurement equations are:
Measurement equations
where The process and measurement noise matrices, Q and R, were initially based on the actual noise characteristics of the available measurements. In a subsequent step, the matrices were adjusted further to achieve more effective results, based on the known or expected behavior of OptiTrack and IMU (cf. sec. III.A), on the desired outcome (i.e. accurate results also at relatively high frequencies), and (iteratively) on intermediate results obtained. Based on the previous discussion, a desirable solution is one where sufficient high-frequency content is left in the fused data, thanks to the IMU contribution, while the slow time-scale evolution largely follows that of the OptiTrack. Thus the underlying idea is to use the optical tracking data as a basis, particularly on a cycleaveraged and long-term level, while using IMU data to (i) compensate for glitches in the tracking and (ii) provide accurate high-frequency content. Additionally, the IMU provides useful direct measurements of the rates and accelerations, unavailable from the tracking system.
The primary goal in further tuning the Q and R matrices was to ensure a sufficiently strong preference for the OptiTrack, except at high frequencies, while also retaining as realistic results as possible. Hence, adjustments were made in order to give additional weight to the OptiTrack data. In particular, the R matrix was chosen to be slightly smaller (finally: ×0.8) than the noise characteristics of the OptiTrack, as estimated from measurements, suggested. On the other hand, the Q matrix entries were selected to be somewhat larger (finally: ×2) than what inferred from the data, to reduce the confidence in the IMU.
Within the range of values where the resulting flap-averaged time evolution approximately corresponded to that of the OptiTrack, the final values, i.e. the extent to which the baseline matrices estimated from the data were adjusted, were selected experimentally, by considering, firstly, the amplitude of the resulting flapping-related oscillations, and, secondly, the innovation errors and convergence behavior. The first point involved ascertaining that the high-frequency content was still predominantly taken over from the IMU. Prior to this, preliminary evaluations were made to investigate to what extent the IMU high-frequency data are reliable. It was observed that in some cases the flapping-related oscillations had larger amplitudes in IMU than in OptiTrack measurements. This may be due to the effect of the IMU mount, and, for the velocities, different sensitivities of the accelerometer along different axes may also have an effect. Nonetheless, comparing forces estimated from the IMU alone to wind tunnel data [35] showed an overall adequate agreement, with minor discrepancies. While no true values are available for validation, and there are known to be some differences between wind tunnel and free-flight forces [13] , this observation nonetheless suggests that at sub-flap cycle level, the IMU information can be considered sufficiently reliable.
The second step involved comparing the innovation errors to the uncertainty bounds predicted by the EKF. It was found that while reducing R and increasing Q leads to increasingly small innovation errors and faster filter convergence, this can eventually lead to a significant discrepancy between innovation errors and error bounds predicted by the filter. Thus, a compromise was found, where the errors and estimated error bounds are small, but the former are still largely contained within the latter. Even a very significant higher weighting of the OptiTrack measurements (cf. eqs. 26, 27) was found to allow for high-frequency content to be taken over from the IMU measurements, while also leading to small innovation errors and rapid convergence.
The final covariance matrices were set to the following values. 
IV. Results Figure 3 shows an example of fused data, compared to data obtained from the OptiTrack and from the IMU directly. Note that the IMU-calculated values are still computed using OptiTrack measurements for the initial conditions and to convert to the body frame where required. It can be seen that an accurate result is achieved. In the long term there is significant agreement between the OptiTrack data and the EKF result, avoiding typical IMU drawbacks such as drift integration that lead to inaccurate attitude and position reconstruction. At small time scales, on the other hand, the IMU sensor readings are used to obtain a high-resolution, accurate result, that improves significantly on what could be achieved with the the OptiTrack alone. The detailed views in fig. 4 further highlight the increased information that can be obtained at high frequencies. Note that in the closest view provided in subfig. 4a the gyro measurement is no longer visible as it has drifted above the other two signals, as seen in the remaining subfigures. The overall result can also be evaluated in the frequency domain, e.g. using fast Fourier transforms (FFT), as for instance shown in fig. 5 for the pitch attitude. Here it can be clearly seen which measurement source is favored in which frequency range. Figure 6 shows that the innovation errors (z k+1 − h(x k+1,k , u k+1 ), cf. eq. 6) are mostly contained within the estimated error bounds, suggesting an effective filter implementation. As can be observed in the figure, the errors in the estimated attitude are typically approximately 1-2
A. Fusion results
• during flight, and below 0.2 • in the static case, however errors in the velocities are still relatively high during flight, reaching up to 0.1m/s, possibly due to the numerical derivatives used as measurements in eqs. [23] [24] [25] . As can be observed in the plots, errors are also slightly higher during dynamic maneuvers, however they either remain within the estimated bounds, or venture only slightly beyond these. More effective tuning will be explored to improve this result further. Bias terms (cf. eqs. [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] were found to converge in the static case, while during flight they vary to a limited extent, typically in conjunction with maneuvers. It can for instance be observed in fig. 8 , that the bias estimates, particularly the ones for the lateral acceleration measurement, change somewhat when turns are being flown (i.e. in conjunction with long rudder input signals). To some extent, these changes may reflect a real, small movement of the IMU relative to the body, which cannot be excluded in the current setup. Nonetheless, these effects are at a very small fig. 7 ), suggest reliable results, and all the values were found to be small, so that neglecting the bias terms may not have a significant impact. Nonetheless, the possibility of biases should be considered in a general setup. Indeed, the possibility of estimating such biases is another advantage of using data fusion.
Further testing and analysis of the sensors is required to draw conclusions on the remaining discrepancies between IMU and OptiTrack measurements mentioned above. Additionally, the velocity estimation can still be improved, e.g. by further fine-tuning of the filter and perhaps the use of higher-order differencing schemes and perhaps the use of higher-order differencing schemes to compute the velocities from the position data. The current setup should however be suitable for most modelling and identification work. The obtained data are accurate, contain detailed highfrequency information, and entail increased reliability due to the merging of separate data sources.
B. Outlook for time-resolved flapping flight analysis
The suggested experimental setup and data fusion approach allow for effective analysis of sub-flap cycle processes. It becomes possible, in free flight, to consider higher frequency content than can be achieved with optical tracking alone (cf. fig. 4 ), and to consider dynamic maneuvers, which is not possible in open-loop wind tunnel experiments. Accurate and realistic high-frequency content can be useful for dynamic analysis, e.g. consid- ering the effect of the flapping-related oscillations in the states, however it is particularly essential in aerodynamic studies. It has for instance been shown that some unsteady effects, such as clapand-fling, are visible clearly only at very high frequencies [14] , which are typically only accurately observable in wind tunnel tests. At the same time, as mentioned in sec. I, wind tunnel and freeflight data are only identical in limited and very specific cases [16] , hence it is valuable to have the ability to obtain qualitatively comparable data in free-flight conditions. The suggested filter yields results that are close to wind tunnel results in terms of detail and information content, while also more realistic and practically useful, as they represent free flight.
As an example, figs. 9 and 10 show a comparison of the aerodynamic forces in body frame x and z axes (i.e. the forces relevant for longitudinal maneuvers) computed from EKF data, OptiTrack data and wind tunnel data, for four different flight conditions. The wind tunnel measurements [35] were conducted in conditions similar to the conditions observed in flight (in terms of angle of attack, forward velocity and flapping frequency), however it must be considered that small differences in the test conditions are inevitable, given the experimental setting. The data are shown for two different filter cutoff frequencies, chosen just above three times and five times the flapping frequency, respectively. In the considered range of flight conditions, flapping frequencies vary between approximately 10Hz and 14Hz. The plots show two flap cycles, and the data are plotted against nondimensional time, t * := t/T cycle . Qualitatively, it can be seen that there is consider- able agreement between EKF and wind tunnel forces, particularly for the force component parallel to the fuselage (Z). Slight discrepancies, particularly in the normal force component (X), are in line with previous results suggesting differences between wind tunnel and free-flight forces in this component particularly [16] . In fact the wind tunnel and free-flight cases cannot be considered entirely equal, as the clamping has a significant impact on the recorded forces [16] . Hence complete equality cannot be expected even in an ideal case. Nonetheless, the considerable agreement suggests that the remaining discrepancies between wind tunnel and fused free flight forces are at least partly due to actual differences between the free-flight and the clamped wind tunnel situation, rather than due to measurement error. This is also suggested by the similar trend in the forces measured for different flight conditions, in wind tunnel and free flight data. In terms of information content, the EKF and wind tunnel forces display a similar resolution and smoothness, and indeed can be considered of comparable quality. By contrast, the OptiTrack derived forces have a visibly lower resolution, as evident from the more abrupt and discontinuous evolution. While the evolu-tion tendentially echoes that of the EKF and wind tunnel, details are not recognizable due to the insufficient number of measurement points. Clearly, a higher sampling frequency is required for accurate capturing of sub-flap forces in free flight. It can be seen (cf. fig. 10 ) that even with relatively high filter cut-off frequencies, leaving five flapping frequency harmonics in the data, there is still a considerable level of agreement between wind tunnel and EKF results, and a comparable level of detail, suggesting that the suggested data fusion approach allows for high frequencies to be considered. Finally, the possibility of considering maneuvers is also of interest, as maneuvering flight is essential for a real flying vehicle, and particularly for flapping-wing flyers, which boast high maneuverability as one of their pivotal advantages. Furthermore, previous work has hypothesized that additional interactions may occur at the sub-flap level during maneuvers [25, 37] , that are not observable in steady flight. Again, this cannot be studied in the wind tunnel.
Thus, the suggested combination of different data sources yields a more comprehensive and in-depth overview of time-resolved flapping behavior that constitutes a useful stepping stone for further work in this field. 
V. Conclusion
An extended Kalman filter was suggested to fuse data from on-board inertial sensors and offboard optical tracking measurements on a flapping-wing micro aerial vehicle (FWMAV). Compared to both the separate measurement methods, this approach was found to provide more reliable and accurate data and, in particular, to yield more extensive and accurate insight into the behavior of the vehicle during each flap cycle, in terms of both the vehicle's states and the forces acting on it. Other advantages include the possibility of estimating the velocities more effectively than with either the inertial measurement unit (IMU) or optical tracking alone, or the possibility of obtaining accurate attitude data also for very small platforms, where the information provided by tracking alone decreases in quality due to the limited resolution.
The proposed approach is considered generally useful for studying flapping-wing vehicles in free flight, as it avoids the tethering inherent in wind tunnel testing and also allows for maneuvering and different flight conditions to be easily considered, while still providing a comparable degree of detail. Both slow and fast time-scale processes can be captured in detail, supporting the modelling process and providing better insight into the properties of novel, flapping-wing vehicles. The method is expected to remain effective also for smaller vehicles. Finally, while the suggested data fusion setup can only be implemented offline, with the considered instrumentation, it allows for more accurate and detailed models to be constructed and validated, and therefore can be considered a useful basis also for advanced, sub-flap cycle control in the future.
